INTRODUCTION
The highly structured mammalian cerebral cortical wall is divided into laminae enriched for distinct cell types and functions during cortical neurogenesis (Bystron et al., 2008; Lui et al., 2011) . Decades of comparative cross-species studies reveal that cerebral cortical expansion in primates plays a major role in the evolution of human cognition (Krasnegor et al., 1997 ). Yet, we are just beginning to understand the molecular and cellular basis of this dramatic process (Bae et al., 2015; Lui et al., 2011; Sun and Hevner, 2014; Taverna et al., 2014) . Because gene regulation plays a predominant role in human brain evolution (Varki et al., 2008) , acquiring a more complete understanding of the gene regulatory mechanisms that orchestrate neurogenesis, which is central to the expansion of the primate neocortex (Rakic, 2009) , will allow insights into molecular mechanisms generating human cognitive capabilities and their dysregulation in neuropsychiatric disease (Bae et al., 2015; Geschwind and Rakic, 2013) .
Gene expression programs in the developing human cortex are beginning to be defined (Kang et al., 2011; Miller et al., 2014; Pollen et al., 2015) . Yet, compared with mouse, non-coding regions regulating gene expression in human corticogenesis are less well understood (Gray et al., 2017; Visel et al., 2013) . Characterizing these regions is of great importance because most human-specific genetic variation and risk loci for neuropsychiatric diseases are found in these likely regulatory, non-coding regions (Ward and Kellis, 2012) . Enhancers and promoters are often found in open or accessible regions of chromatin where DNA-binding proteins like transcription factors (TFs) preferentially bind (Nord et al., 2015) . Regions of accessible chromatin in bulk human fetal and adult brain have been identified using DNase-seq (Kundaje et al., 2015) , but not with a spatial resolution permitting identification of regulatory elements involved in human cortical neurogenesis. Chromatin regulators and TFs are key regulators of neuronal differentiation and function, further highlighting the need to define the cis-regulatory elements governing corticogenesis (Nord et al., 2015; Ronan et al., 2013) .
Here, we perform assay for transposase-accessible chromatin sequencing (ATAC-seq), a high-throughput method to profile accessible chromatin (Buenrostro et al., 2013) , in the germinal zone and subplate/cortical plate in developing human brain, and by integrating these data with chromatin interaction measured via Hi-C, we identify distal regulatory elements (DREs) of key genes involved in cortical neurogenesis, including human-gained enhancers (HGEs). We show that target genes of HGEs regulate neural progenitor biology and are enriched in genes specifically expressed in outer radial glia (oRG), a cell population that is notably increased in humans and postulated to be critical for the cerebral cortical expansion in primates and other gyrencephalic species (Lui et al., 2011; Pollen et al., 2015; Taverna et al., 2014) . Our data also suggest that gene regulation in neural progenitors and early-born neurons affects individual variation in adult cognitive function and risk for neuropsychiatric disease. This firmly connects prenatal cortical development to adult cognitive function and later-onset neuropsychiatric disease risk.
RESULTS

Identifying Differentially Accessible Regions Involved in Neurogenesis
To obtain a high resolution depiction of chromatin structure (ATAC-seq) and gene expression (RNA sequencing [RNA-seq] ) in developing human fetal cortex, we dissected post-conception week (PCW) 15-17 human neocortex (STAR Methods) into two major anatomical divisions: (1) GZ: the neural progenitor-enriched region encompassing the ventricular zone (VZ), subventricular zone (SVZ), and intermediate zone (IZ) , and (2) CP: the neuron-enriched region containing the subplate (SP), cortical plate (CP), and marginal zone (MZ) ( Figure 1A ; STAR Methods).
Comparison of gene expression between dissected regions with a gold standard human cortex laminar transcriptomic atlas (Miller et al., 2014) revealed that differential gene expression (DE) between GZ and CP best matched the transitions between either the VZ or SVZ and CP in vivo with very high correlation (Figures S1A and S1B) (SVZ versus CP; r = 0.84; p < 2 3 10 À16 ), validating the dissection and tissue isolation strategy. Following ATAC-seq QC measures (Figures S1C-S1G), we took a conservative approach to peak identification and quantification (Figures 1B and S1H-S1L; STAR Methods), finding high correlation between replicates and published DNase-seq from brain (Kundaje et al., 2015) , but less so with lung ( Figures S2A-S2D ), demonstrating tissue specificity. Samples clustered first by tissue type (GZ/CP) and next by donor, similar to clustering by gene expression (Figures 1C and 1D) , further demonstrating that the major differences in chromatin accessibility and gene expression are driven by tissue type and that replicates are highly concordant (Figures S2A, S2B, and S3A) . To define functional regulatory elements related to neurogenesis, we identified 19,260 peaks with greater accessibility in GZ than CP (GZ > CP peaks; STAR Methods) and 17,803 peaks with greater accessibility in CP than GZ (CP > GZ peaks; Table S1 ). Differentially accessible (DA) peaks are significantly enriched in regions of the genome with known functionality including promoters (+/À1 kb from transcription start site [TSS] ; 5 0 UTR), and nominally depleted in regions with poorly annotated functionality (intergenic regions; STAR Methods) (Figures 1E and S3B) . Near TSSs, DA peaks are also found at long non-coding RNA (lncRNA), microRNA (miRNA), and rRNA loci, in addition to protein-coding genes (Figures 1E and S3C; see Table S1 for complete list of proximal regulatory elements for non-coding RNAs [ncRNAs] ). DA peaks are enriched in previously annotated chromatin states, including promoters and enhancers (Kundaje et al., 2015) , and in regions containing validated human forebrain enhancers (Visel et al., 2007) (Figure 1F ), but depleted heterochromatin, quiescent, and actively transcribed regions of the genome ( Figures 1F and S3D ).
Gene Expression Has a Variable Functional
Relationship to Accessibility at the TSS Previous work predicts a significant relationship between chromatin accessibility and gene expression (Frank et al., 2015) , although the correlations are often weak, because many additional factors, including TF binding, DNA methylation, histone tail modifications, and miRNA regulate steady-state transcript levels of a gene (Heintzman and Ren, 2007; Natarajan et al., 2012) . To assess this relationship, we first visualized peaks of chromatin accessibility at genes known to be involved in neurogenesis. As expected, SOX2, a TF expressed in radial glia, has both higher chromatin accessibility at the promoter and expression in GZ, whereas HOMER1, a component of the post-synaptic density expressed in post-mitotic neurons, shows the converse pattern ( Figure 2A ). We observed a highly significant relationship between chromatin accessibility and gene expression across a set of marker genes known to be involved in neurodevelopment ( Figure 2B ), and across a less biased set of the top 240 DE genes between GZ and CP ( Figure 2C ; STAR Methods). Genome-wide, we found that accessibility at the TSS has a highly significant, but not perfect, correlation with expression at protein-coding genes (r = 0.417; p = 6.2 3 10 À60 ) and lncRNA (r = 0.454; p = 0.0017) ( Figure 1G ; STAR Methods), consistent with prevailing models of transcriptional regulation (Heintzman and Ren, 2007; Natarajan et al., 2012) . We next assessed the biological pathways revealed by DA of chromatin at protein-coding TSS, observing an enrichment of gene ontology (GO) terms related to neurogenesis and early neuronal morphogenesis in GZ > CP peaks ( Figure 2D ). Conversely, enrichment of terms related to neuronal physiology and synapses were found in CP > GZ peaks. Similar GO enrichment was obtained in GZ > CP and CP > GZ DE genes (Figure S4A) . KEGG pathway analysis of DA sites found enrichment in Notch and Wnt signaling pathways in GZ > CP sites, in contrast with neuroactive ligand-receptor interaction and calcium signaling pathways found in CP > GZ sites (Figures S4A (B) DA peaks (highlighted in sky blue) above coverage maps of normalized reads from ATAC-seq are shown near the PAX6 locus on chromosome 11 along with chromatin states derived from fetal tissue. (C) Hierarchical clustering based on ATAC-seq genome-wide normalized reads within peaks shows high technical reproducibility and strong biological differences between GZ and CP. (D) Hierarchical clustering based on RNA-seq transcriptome-wide normalized reads within genes shows similar results as chromatin accessibility clustering. (E) Fold enrichment of DA peaks within defined regions of the genome shows strong enrichment in regions near promoters (TSS, Promoter, 5 0 UTR).
(F) Fold enrichment of DA peaks in fetal brain-derived chromatin states shows enrichment in enhancer and promoter regions. (G) Correlation between effect sizes of significantly DA promoters and significantly DE exons closest to those promoters show a variable but positive correlation between chromatin accessibility at the promoter and expression for both protein-coding genes and lncRNAs. Chromatin states are defined in the STAR Methods. See also Figures S1, S2, and S3 and Table S1 . Expression   GZ   CP   PDGFD  FAM107A  LGALS3BP  SOX2  CCNB1  HES1  GFAP  EOMES  FOXP2  STMN2  HOMER1  RIMS1  GRIA1  GRIA2  GRIA3  GRIA4  CALB1 Chromatin accessibility at promoter
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Expression at first exon and S4B). These terms are consistent with both the expected cellular composition in regions containing neural progenitors versus neurons, as well as the correlation between chromatin accessibility and gene expression.
Defining DREs Regulating Cortical Neurogenesis
We next sought to define DREs involved in neurogenesis for each gene. Although regulatory elements are often assumed to regulate the closest gene, this is an overly simplifying assumption (Amano et al., 2009) . Therefore, we created a mapping between chromatin accessibility peaks and their cognate genes ( Figure 3A ; STAR Methods), which is predicted to represent functional enhancer-promoter interactions that regulate gene expression during corticogenesis. To avoid spurious correlations, we also required evidence of a physical interaction between the two correlated regions, as measured by chromatin capture via Hi-C from matching stages and tissue type (Won et al., 2016) . Consistently, the inter-peak correlation was significantly higher between ATAC-seq peak pairs with evidence of interaction by Hi-C than in those not supported by Hi-C (p = 1.1 3 10 À100 for GZ > CP peaks with Hi-C data from GZ tissue; p = 3.22 3 10 À34 for CP > GZ peaks with Hi-C data from CP tissue) ( Figure 3B ). Chromatin accessibility at these DREs and gene expression of predicted targets displayed a positive correlation (r = 0.372; p < 5 3 10
À324
), which was substantially stronger between peaks with evidence of interaction by Hi-C (r = 0.456, p = 6.64 3 10 À45 ; difference between correlations p = 0.0017, Fisher's method), suggesting that integrating both chromatin accessibility and chromatin contact data reduces false positives when linking enhancers and their target genes ( Figure 3C ). GO analysis demonstrated enrichment in critical processes known to drive corticogenesis in a manner consistent with the dissected regions ( Figure 3D ). GZ > CP distal enhancers regulate genes enriched in processes including glial cell differentiation, regulation of neuron differentiation, positive regulation of neuroblast proliferation, and regulation of transcription, whereas CP > GZ distal enhancers targets are enriched in glutamate receptor activity, behavior-related categories, axon guidance, and neuron projection morphogenesis ( Figure 3D ). Further, the expression of gene targets of GZ > CP distal enhancers were most enriched in the progenitor-enriched VZ, iSVZ, oSVZ, whereas gene targets of CP > GZ distal enhancers were enriched in the CP and MZ, as expected ( Figure S5A ). Together, these studies define for the first time a set of DREs, comprised primarily of enhancers ( Figures 1F and S3D ), which influence gene expression during human neurogenesis. We provide a list of all of the regulatory regions identified in this manner and their predicted target genes in Table S2 .
To demonstrate the functional impact of these data, we identified five regulatory elements supported by both ATACseq and Hi-C, 264-370kb 3 0 to EOMES, which encodes a TF that regulates cortical neuron production and cortical thickness via effects on progenitor proliferation (Arnold et al., 2008; Sessa et al., 2008) . We found a reported case of a rare homozygous chromosomal translocation 215 kb upstream of the TSS of EOMES (46,XY,t(3;10)(p24;q23)2x) that causes microcephaly, polymicrogyria, and agenesis of the corpus callosum (Baala et al., 2007) . When this translocation is homozygous, it results in a complete absence of EOMES expression, suggesting that regulatory elements upstream of the translocation breakpoint (chr3:27979020) strongly regulate EOMES expression. Remarkably, this translocation removes all five ATAC-seq and Hi-C-defined regulatory elements from chromosome 3 (Figure 3E ), separating these putative enhancers from the gene. As further evidence of the enhancer functionality of these regions, one locus (chr3:28033829-28035751; hs1557) ( Figure 3F ) was shown to drive forebrain-specific expression in mouse embryos, as predicted ( Figure 3J ). To experimentally confirm its enhancer activity, we engineered three partial and complete deletions of the EOMES enhancer overlapping the predicted VISTA EOMES enhancer in primary human neural progenitors (phNPCs), a well-established model system of neural development (Stein et al., 2014) (Figures 3F and 3G ). All five putative enhancer peaks are preserved in phNPCs and display the expected pattern of decreased accessibility with differentiation, matching the in vivo GZ-CP transition and decreased EOMES expression ( Figures  S5B-S5G ). We observe that all three different deletions within the predicted EOMES enhancer led to a 72%-77% reduction in EOMES expression in phNPCs ( Figures 3H and 3I ), but did not change the expression of the closest genes CMC1 and AZI2, which lack combined evidence of chromatin accessibility correlation and interaction ( Figure S5H ; Table S2 ). These data provide a likely genetic mechanism for this disorder, based on inactivation of the activity of a regulatory element on its target gene, rather than deletion of the protein-coding gene itself.
Identifying TFs Driving Neurogenesis
Because TFs are key drivers of gene expression and cell fate determination (Guillemot, 2007; Nord et al., 2015) , we hypothesized that TF motifs found more often in GZ accessible regions would be enriched in TFs known to promote neural progenitor maintenance and proliferation (gzTFs), while those motifs found more often in CP accessible regions would be enriched in TFs involved in neurogenesis and neuronal maturation (cpTFs). Observing such coordination would permit identification of TFs driving human cortical neurogenesis, while providing validation of the functional relevance of chromatin accessibility. As a proof of principle, we conducted a differential motif enrichment analysis between fibroblasts and human embryonic stem cells (hESCs) using a logistic regression framework (STAR Methods), identifying the major known pluripotency-associated transcription factors (Buganim et al., 2013) , demonstrating the validity of this approach ( Figure S4C) .
We then applied this analysis to our data, identifying 97 gzTFs and 26 cpTFs (false discovery rate [FDR] adjusted p < 0.05) (Figure 4 ; Table S3 ). gzTFs included SOX2 and PAX6, canonical markers of radial glia known to regulate neural stem cell selfrenewal (Estivill-Torrus et al., 2002; Graham et al., 2003) and several TFs known to be required for neural progenitor expansion or proliferation in developing cortex, including ARX, EMX1/2, LHX2, KLF4, NR2F1, and SP2 (Liang et al., 2013; Qin and Zhang, 2012; Rubenstein and Rakic, 2013) (Figure 4A ). Notably, gzTFs as a group were enriched in the homeodomain class of TF, which are implicated in neural stem cell patterning and neural progenitor fate specification (Guillemot, 2007) ( Figure 4B ).
Conversely, cpTFs were enriched in pro-neural basic helixloop-helix (bHLH) factors including NEUROG2 and NEUROD2, which promote neuronal differentiation (Guillemot, 2007) , whereas gzTFs were depleted in this class (Figures 4C and 4D) . We also identified REST, a canonical repressor of neuronal gene transcription (Ballas et al., 2005) . Of all identified TFs, 68% of gzTFs and 88% of cpTFs were DE between GZ and CP, confirming their dynamic regulation (FDR adjusted p < 0.05).
Together, these results demonstrate that differential motif enrichment analysis in DA chromatin identifies TFs known to be involved in neural stem cell proliferation and neural differentiation and dozens of additional TFs (Table S3 ) that were previously unknown to be involved in these processes.
HGEs Regulate Neural Progenitor Biology
The expansion of the primate cerebral cortex is one of foundations on which the evolution of human cognition is based (Geschwind and Rakic, 2013) , and differences in neural progenitor cell-types and their proliferation are predicted to play a major role (Lui et al., 2011; Taverna et al., 2014) . We reasoned that these chromatin accessibility data provide a unique opportunity to identify human-specific regulatory elements driving cortical neurogenesis and their predicted target genes. We obtained a list of HGEs that are preferentially active in developing human brain, as compared to rhesus macaque and mice (Reilly et al., 2015) . Next, we identified the genes regulated by these HGEs using chromatin accessibility correlation and chromatin interaction ( Figure 5A ; STAR Methods), resulting in high-confidence sets of 347 (GZ) and 246 (CP) candidate genes regulated by HGEs. HGEs fall within GZ/CP DA peaks significantly more often than would be expected by chance, suggesting key roles in cortical neurogenesis by virtue of their dynamic regulation during this period ( Figure 5B) .
Genes targeted by GZ > CP HGEs were enriched in the modulation of GTPase activity, cell proliferation, caspase activity, and the actin cytoskeleton, as well as in components of anchoring junctions and the extracellular matrix, processes that have been linked to human neural stem cell biology and cortical expansion (Pollen et al., 2015; Sun and Hevner, 2014; Taverna et al., 2014) (Figure 5C ). GZ > CP HGE genes also showed a declining expression trajectory during early neurogenesis, followed by an increase at the onset of gliogenesis ( Figure 5D ), a pattern observed with genes enriched in neural progenitors and glia (Kang et al., 2011; Stein et al., 2014) . These genes were highly expressed in the human VZ and oSVZ (Figure 5E) . Because the oSVZ is significantly expanded in humans (Lui et al., 2011) , our data suggested that these HGEs may be acting preferentially within cell types predominately found within this human-expanded region.
To test this, we analyzed the overlap between the high confidence set of HGE targets with a single cell atlas of human fetal brain gene expression (Pollen et al., 2015) . Remarkably, we (C) The correlation between DREs accessibility and gene expression of their cognate gene shows a stronger relationship when the regulatory element is mapped using both chromatin accessibility correlation and interaction rather than chromatin accessibility correlation alone. (D) DA DREs are mapped onto genes supported by both chromatin accessibility correlation and chromatin interaction that fall into known biological pathways involved in neural development. See also Table S2 . (E) An example of DRE mapping is provided at the EOMES locus, where DREs are supported by both chromatin interaction via Hi-C in GZ tissue and chromatin accessibility correlation. The location of a chromosomal breakpoint for a balanced chromosomal translocation that leads to complete absence of EOMES expression and microcephaly is shown (Baala et al., 2007 Figure S5 and Table S4. found that genes targeted by the HGEs in GZ were preferentially expressed in oRG (FDR-corrected p = 3.4 3 10 À6 ), and to a lesser degree in vRG (FDR-corrected p = 7.6 3 10 À4 ) ( Figure 5F ). This enrichment is also observed when comparing to a list of genes uniquely expressed in oRG (FDR-corrected p = 1.7 3 10 À4 ) ( Figure 5F ), but not in vRG, suggesting a critical role of these regulatory elements in oRG biology. This analysis connects the seminal observations indicating that the oRG play an important role in elaboration of the human cerebral cortex (Lui et al., 2011; Taverna et al., 2014) , with the putative transcriptional regulatory elements driving this process. Further, the enrichment of enhancers gained on the human lineage in this specific cell population provides unbiased, genome-wide evidence supporting the contention that oRG play a significant role in human brain evolution (Lui et al., 2011) . Several genes predicted to be regulated by GZ > CP HGEs are required for normal human brain development and cognition, including: (1) seven genes with human-specific developmental cortical expression trajectories, UTRN, MAK, TMEM134, PDLIM2, EPB41L3, PHLDB1, and TBC1D2B (Bakken et al., 2016) suggesting that modulation by HGEs may underlie their species-specific expression pattern; (2) GLI3, which is implicated in macrocephaly (Jamsheer et al., 2012); (3) seven genes in which deleterious, de novo loss of function mutations have been identified in ASD probands, but not in controls, MAD1L1, DDX60, DNAH5, MAK, DVL3, SCN7A, and RAPGEF3 (De Rubeis et al., 2014; Iossifov et al., 2014) ; and (4) eight genes implicated in intellectual disability (ID) (Parikshak et al., 2013) , including the oRG-enriched genes GLI3, GFAP, and AASS (Pollen et al., 2015) .
Among the genes implicated in ID and predicted to be regulated by GZ > CP HGEs is FGFR2 ( Figure 6A ), a receptor for fibroblast growth factor family members (FGF). In mice, FGFR2 is expressed in telencephalic radial glia of the anterior cortex and its loss leads to a decrease in cortical neural progenitor selfrenewal and excitatory projection neurons (Stevens et al., 2010) . Predicted gain of function mutations in FGFR2 also cause Apert syndrome in humans, which can present with megalencephaly and atypical gyrification (Cohen and Kreiborg, 1990; Sun and Hevner, 2014) . We identified a GZ > CP HGE $550 kb away from the TSS of FGFR2 predicted to functionally interact with the FGFR2 promoter based on chromatin accessibility correlation and confirmed by Hi-C-defined physical chromatin interactions in brain ( Figure 6A ; STAR Methods).
We hypothesized that an active HGE involved in human cortical expansion should promote FGFR2 expression, thus stimulating neural progenitor proliferation, and conversely, its (C) . An abridged list is shown here for clarity, and the full list can be found in Table S3 . (B and D) Enrichment of TF classes for gzTFs (B) or cpTFs (D) . See also Figure S4 . removal would lead to diminished FGFR2 levels (Raballo et al., 2000; Stevens et al., 2010) . To test this, we first confirmed that the enhancer peak was present in undifferentiated phNPCs (Figure S6A) , and engineered seven different partial and complete deletions of the FGFR2 enhancer ( Figures 6B and 6C ). All seven deletions led to a 19%-40% reduction in FGFR2 expression in phNPCs ( Figure 6D ). Excision of the FGFR2 enhancer did not change the expression of the closest gene WDR11, which does not show evidence of chromatin accessibility correlation or interaction (Figures 6A and S6B) . We next assessed whether ablation of this enhancer affects neurogenesis, observing that the percentage of neurons generated in deletion lines increased, consistent with decreased self-renewal of neural progenitors (Kang et al., 2009) ( Figure 6E ). These data validate the distal regulation of FGFR2 by an HGE and provide a mechanism by which its expression could contribute to human cortical expansion by promoting neural progenitor proliferation, consistent with prevailing models of cortical evolution (Geschwind and Rakic, 2013; Lui et al., 2011) . et al., 2016) were all significantly enriched in GZ > CP peaks, and much less, or not significantly enriched in CP > GZ peaks, although the magnitude of enrichment in some cases was similar (Figures 7B, 7C, and S7A). As a negative control, we tested if genetic variants associated with inflammatory bowel disease (IBD), identified by well-powered genome-wide association study (GWAS) (Jostins et al., 2012) and finger whorls (Ho et al., 2016) , were enriched in differential accessibility peaks. We did not observe enrichment of IBD or finger whorl variants (Figures 7B and 7C) in DA peaks, highlighting the importance of tissue-specific gene regulation.
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To explore temporal specificity, we identified peaks in adult cortical ATAC-seq data from the PsychENCODE project (STAR Methods) and found no significant enrichment of genetic variants associated with depressive symptoms, ADHD, neuroticism, or ICV in adult cortical peaks, whereas variants associated with schizophrenia and educational attainment were similarly enriched in both fetal and adult open chromatin regions (Figure S7B) . These data suggest that variation in gene regulation within neural progenitors and early-born neurons in fetal stages has a more substantial effect on several later occurring, adolescent phenotypes than variation occurring in post-mitotic neurons within the fetal CP.
DISCUSSION
Here, we have performed a comprehensive assessment of chromatin accessibility during human cortical neurogenesis and integrated it with gene expression and chromatin interaction (Hi-C) data from the same tissue and developmental period. We illustrate how to leverage these data to define functional cis-regulatory elements involved in human corticogenesis and their target genes, identify candidate TFs regulating these genes, and show how these data inform our understanding of human genetic disorders and brain evolution. In doing so, we identify a human-specific FGFR2 enhancer that likely plays a role in human cortical expansion and hence, human brain evolution. We additionally highlight potential mechanisms of a rare genetic disorder involving disruption of gene regulatory elements by structural chromosomal variation, rather than disruption or deletion of the coding region. By integrating these data with GWAS, we also identify regulatory mechanisms by which non-coding genetic variation likely influences neuropsychiatric disease, brain volume and cognition.
Our analysis also has fundamental implications for understanding the pathophysiology of neuropsychiatric disease, guiding future genetic discovery and disease modeling. Functional annotation in non-coding regions is critical to a mechanistic understanding of genetic disease-associations (Kundaje et al., 2015; Won et al., 2016) . The power of this is 2-fold: (1) to annotate functionality of sequence alterations within cis-regulatory Figure 6 . FGFR2 Is a Target of a HGE Impacting Human Cortical Neurogenesis (A) An HGE within a DA peak interacts with the FGFR2 promoter with evidence from both chromatin accessibility correlation and chromatin interaction. (B) Seven sgRNA pairs were used to excise the DA peak and/or the overlapping HGE peak measured via H3K27ac ChIP-seq. Primers used to validate genomic deletions are represented by green half arrows. (C) Genomic PCR of the 3.7 kb region containing the FGFR2 HGE in control or CRISPR/Cas9 + sgRNA infected phNPCs. Red arrow points to the expected 2107 bp band in controls and white arrows point to expected products following excision (see B) . Asterisks indicate background PCR amplicons. (D) Excision of the FGFR2 HGE led to a 19%-40% reduction in FGFR2 expression as measured by qPCR in phNPCs (***p < 0.0001, **p < 0.001, *p < 0.01, ANOVA, with Bonferroni post hoc test, n = 4, mean ± SEM shown). (E) Excision of the FGFR2 HGE led to an increase in the number of neurons generated after 2 weeks of differentiation. phNPCs infected with sgRNA pairs designed to excise the FGFR2 enhancer were stained with antibodies to GFP, tRFP, and the early neuron marker Tuj1. The percent of dual GFP/RFP + cells positive for Tuj1 (arrows) was quantified. Co-infection with any of the three sgRNA pairs led to an increase in Tuj1 + -positive cells compared to control (p = 1.31 3 10 À7 , sgRNA À127/+1,067; p = 2.38 3 10 À8 , sgRNA À1,213/+1,067; p = 1.44 3 10 À8 , sgRNA À1,213/+20; n = 4 independent infections with 30 image fields/infection, mean ± SEM shown). Scale bar, 50 mm. See also Figure S6 and Table S4 .
elements, and (2) to define the target gene likely to be affected by variants, which is of critical importance, because gene regulation is often long-range (GTEx Consortium, 2015; Won et al., 2016) . Moreover, multiple lines of evidence support a neurodevelopmental basis for ASD and schizophrenia (de la TorreUbieta et al., 2016; Parikshak et al., 2015) . Thus, these data provide a necessary link to interpret the impact of genetic variation during a critical period for susceptibility to neuropsychiatric disease risk. Similarly, that genetic variation regulating ICV and educational attainment is enriched in regions preferentially accessible in the GZ provides strong genetic evidence that differences in neural progenitor biology have substantial influence on brain size and cognitive performance later in life ( Identification of functional regulatory elements in cortical neurogenesis also increases power for genetic discovery. Here, we provide annotations of the genome relevant to a key biological process implicated in neuropsychiatric disorders, which may be used as an annotation feature in the burden test for whole genome sequencing studies. Regulatory regions defined here may also be used to create custom capture libraries for efficient next-generation sequencing similar to previous ''HAR-ome'' studies, which focused on another class of functionally relevant human-evolved regulatory sequences (Doan et al., 2016) . Additionally, endogenous enhancer regions for marker genes can also be used to more faithfully drive expression for cell-type-specific study of pathways involved in disease (Dimidschstein et al., 2016) .
Often TF prediction efforts to define gene regulatory networks rely exclusively in motif prediction, which are substantially strengthened by incorporating chromatin accessibility and interaction (Rackham et al., 2016) . Our analysis identifies many TFs known to orchestrate neurogenesis and differentiation, including Sox, homeodomain, and bHLH family members, among others (Guillemot, 2007) . Based on these data we predict roles in cortical neurogenesis for several dozen other TFs not previously implicated in this process (Table S3) . Follow-up chromatin immunoprecipitation sequencing (ChIP-seq) experiments will be necessary to assess individual TF binding in progenitors and neurons, but they rely on highly specific antibodies for native in vivo validation, which are not yet available for many of these TFs (Johnson et al., 2007) .
It will clearly be important to expand this analysis to other brain regions, specific cell types, and developmental periods. Genes regulating progenitors and glia are overlapping (Kriegstein and Alvarez-Buylla, 2009; Stein et al., 2014) , thus it is possible that HGEs are also regulating glial-specific genes, which will require chromatin accessibility data from a later time period to directly test this hypothesis. We also found that genetic variants associated with ICV (Adams et al., 2016) were not significantly enriched in open chromatin regions in adult brain, in contrast to our findings in fetal brain, which not only helps define the critical epoch when these variants are likely acting, but emphasizes the need for stage-and tissuespecific maps of gene regulation. Finally, we identified GZ/CP DA putative regulatory elements for ncRNAs that will be important to characterize in the future. This is of particular interest given the growing role of lncRNAs and miRNAs in regulating cortical neurogenesis (Briggs et al., 2015; Sun and Hevner, 2014) , and the paucity of knowledge surrounding their spatial and temporal regulation.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 
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EXPERIMENTAL MODEL AND SUBJECT DETAILS Developing Human Brain Samples
Fetal tissue was obtained from the UCLA Gene and Cell Therapy Core according to IRB guidelines from 3 donors (post-conception weeks 15:male, 16:female, 17: female) following voluntary termination of pregnancy (sex determined via homozygosity on the X chromosome). This study was performed under the auspices of the UCLA Office of Human Research Protection, which determined that it was exempt because samples are anonymous pathological specimens. Full informed consent was obtained from all of the parent donors. Coronal sections were taken from dissociated tissue that visually appeared cortical, which was confirmed via matching RNA-seq data to Allen Institute Human Fetal Brain microdissected tissue using Transition Mapping (Stein et al., 2014) (Figures S1A and S1B).
Primary Human Neuronal Culture
Primary human neural progenitor cells were previously isolated from two donors (both 16 PCW: male), which were subsequently differentiated and cultured for up to 8 weeks following previously described culture protocols (Stein et al., 2014) . In detail, after establishing monolayer cultures, cells were expanded by plating on polyornithine/fibronectin coated plates with proliferation media [Neurobasal A (Invitrogen) supplemented with 10% BIT 9500 (Stem Cell Technologies), Antibiotics and Antimycotics (GIBCO), GlutaMAX (GIBCO), and heparin (1 mg/mL; Sigma)] with freshly added EGF, FGF2, PDGF (each at 20 ng/mL; Peprotech), and LIF (2 ng/mL; EMD-Millipore) and passaged when confluent. For differentiation, cells were plated at 2x10 4 cells/cm 2 on polyornithine/ laminin coated plastic plates ( Figures 3G-3I , 6B-6D, S5, and S6) or acid-washed coverslips ( Figure 6E ), and then switched to differentiation media [Neurobasal A (Invitrogen) supplemented with B27 (GIBCO), GlutaMAX (GIBCO), and Antibiotics and Antimycotics (GIBCO)] as well as Retinoic Acid (500 ng/mL; Sigma-Aldrich), Forskolin (10 mM; Sigma-Aldrich), BDNF (10 ng/mL; Peprotech), NT-3 (10 ng/mL; Peprotech), and KCl (10mM). Half of the media was replaced three times per week for the duration of the differentiation. All cells were incubated at 37 C and 5% CO 2. Using unbiased quantitative approaches these cultures have been previously shown to: 1) match mid-fetal in vivo cortical development to a high degree, 2) best match cortical neuroanatomical identity, 3) are enriched in all of the major cortical markers, including lamina-specific markers and excitatory cell markers [BCL11B, SOX5, TBR1, FEZF2, SATB2, POU3F2, EMX1, NEUROD2, NEUROD6, and SLC17A7, and 4) remarkably preserve the gene-co-expression architecture observed in vivo. Undifferentiated phNPCs are enriched in the dorsal telencephalic markers FOXG1, PAX6 and SOX2. Upon differentiation, progenitors gradually differentiate into MAP2-positive neurons (up to 40% MAP2 positive at 8 weeks), express cortical laminar markers including BCL11B (50% of the cells) and POU3F2 (35% of the cells), and undergo stereotypic neuronal morphogenesis including axo-dendritic polarization and more complex dendritic arborization with maturation (Stein et al., 2014) .
METHOD DETAILS Tissue dissection
Under a dissection microscope, the coronal sections were cut with a razor blade along the less dense intermediate zone to divide the tissue into two segments from each donor (1) GZ: the neural progenitor rich region encompassing the ventricular zone, subventricular zone, and intermediate zone and (2) CP: the neuron rich region encompassing the subplate, cortical plate, and marginal zone (Figure 1A) . For each donor and lamina (GZ or CP), 3-4 replicates were processed for ATAC-seq and RNA-seq.
ATAC-seq library preparation ATAC-seq processing followed the original protocol (Buenrostro et al., 2013) , which involves enzymatic dissociation of tissue using papain inactivated by ovomucoid (Worthington) followed by aliquoting of 50,000 cells, nuclear isolation using an IGEPAL solution, transposition using Nextera Tn5 transposase (Illumina), barcoding and amplification (8-11 cycles), quality control via gel electrophoresis, quantification via qPCR with DNA Standards (Kapa Biosystems), and massively parallel 50 bp paired end (PE) sequencing on an Illumina HiSeq2000 or HiSeq2500 to acquire $25M fragments per sample. For each donor, GZ and CP samples were dissected, library prepped, and sequenced within the same batch to prevent batch effects correlated with the biological condition of interest. Following preparation of a homogeneous suspension of cells isolated from the GZ or CP, 3-4 technical replicates consisting of independent nuclear isolations, Tn5 tagmentation, and library preparation were generated. phNPC samples were processed for ATAC-seq library preparation at 0 wks (3 replicates -independent nuclear isolations, Tn5 tagmentation, and library preparation from the same differentiation), 2 wks (3 replicates), 4 wks (2 replicates), and 8 wks (3 replicates) post differentiation as above.
RNA extraction and library preparation RNA was extracted from samples using the QIAGEN miRNeasy Mini Kit. Concentration and purity were evaluated with a NanoDrop spectrophotomoter. RNA Integrity Number was evaluated for each sample on an Agilent BioAnalyzer (mean ± s.d. RIN = 8.7 ± 0.6). Library preparation was completed using the Illumina Stranded TruSeq kit with RiboZero Gold ribosomal RNA depletion. Massively parallel 50 bp PE sequencing was completed on an Illumina HiSeq2500 to acquire $50M fragments per sample. For each donor, RNA extraction was completed on the same day for GZ and CP samples to prevent batch effects. Additionally, samples were pseudorandomly assigned to a library preparation batch and sequencing lane as part of a larger experiment that reduced correlation between any covariate of interest (RIN, sample purity, biological condition, gestation week) and batch.
Functional validation of DREs
To rule out potential off-target effects from non-specific guide targeting, we designed multiple combinations of sgRNA pairs flanking the EOMES and FGFR2 enhancers ( Figures 3F and 6B ). sgRNAs were designed using the Benchling platform (https://benchling.com) maximizing both efficiency and specificity scores (Doench et al., 2014; Hsu et al., 2013) and cloned into the pL-CRISPR.EFS.GFP (Addgene #57818) or pL-CRISPR.EFS.tRFP (Addgene #57819) plasmids (Heckl et al., 2014) following published protocols (Ran et al., 2013) . Lentiviral particles were prepared by transient transfection in 293T cells followed by concentration by ultracentrifugation. sgRNA sequences and targeted locations are provided in Table S4 . phNPC lines generated and cultured as described in (Stein et al., 2014) were infected at 1 MOI after plating with control (spCas9-P2A-GFP and spCas9-P2A-tRFP lacking sgRNA) or a combination of two sgRNAs each co-expressing either spCas9-P2A-GFP or spCas9-P2A-tRFP. Next day, viral particles were removed by replacing with fresh medium and two days later phNPCs were induced to differentiate by replacing media with differentiation media (Stein et al., 2014) . Following 2-3 weeks of differentiation to allow for maximal sgRNA expression and enhancer excision, dual GFP/tRFP positive cells were isolated by FACS and genomic DNA and RNA was extracted using DNeasy Blood & Tissue and miRNeasy Mini Kits (QIAGEN), respectively. Genomic DNA amplification via PCR of the EOMES or FGFR2 locus to confirm enhancer excision was performed with Herculase II Fusion DNA Polymerase (Agilent Genomics) following manufacturers protocol using the following primers: Figure 3H ); FGFR2; 5 0 -CCGCCCCACCATCCCTTCTTTG-3 0 (Fwd); 5 0 -TTGCCTTCTCCCCCACCACCTC-3 0 (Rev) ( Figure 6C ). Quantification of enhancer target genes expression was assessed by qPCR using the SYBR Green I Master kit (Roche) on a Lightcycler 480 device using the following primers: EOMES; 5 0 -CACCGCCACCAAACTGAGAT À3 0 (Fwd), 5 0 -CGAACACATTGTAGTGGGCAG-3 0 (Rev) ( Figure 3I ); CMC1; 5 0 -CCAAGCGGCTACGTTCTTCT-3 0 (Fwd), 5 0 -AGGAA GGGTAGACGAAGAGACA-3 0 (Rev) ( Figure S5H ); AZI2; 5 0 -AAACCGGAAGCCCGT-3 0 (Fwd), 5 0 -TGCAGTGACAAGAGCAAAATGG À3 0 (Rev) ( Figure S5H ); FGFR2; 5 0 -TTTCGGCTGAGTCCAGCTCC-3 0 (Fwd), 5 0 -CAATTCCCACTGCTTCCGCC-3 0 (Rev) ( Figure 6D ); WDR11; 5 0 -CCGGGATGTTGCCCTACAC À3 0 (Fwd), 5 0 -AGCAATTAAACCTTGCCAGCC-3 0 (Rev) ( Figure S6B ). In parallel experiments, cultures infected with FGFR2 deletions displaying maximal FGFR2 reduction were differentiated for two weeks, fixed with 4% PFA, permeabilized with 0.1% Triton X-100/ PBS, blocked with 10% normal goat serum (NGS) in 0.1% Triton X-100/PBS, and subjected to immunocytochemistry with antibodies to GFP (Abcam, ab13970,1:1000 dilution), tRFP (Evrogen, AB232, 1:500 dilution) and Tuj1 (Sigma, T8660, 1:500 dilution) to quantify cell fate of dual infected cells. All antibody incubations were performed in 0.02% Tween-20/PBS with 1% NGS for 1hr at room temperature ( Figure 6E ). For Tuj1 quantification ( Figure 6E) , p values were calculated using a linear mixed-effect model using a random intercept for biological replicates to account for non-independence of the measurements (Aarts et al., 2014) .
QUANTIFICATION AND STATISTICAL ANALYSIS
ATAC-seq pre-processing Sequencing files from each sequencing lane were de-multiplexed and poor quality reads were excluded (PF = 1 reads were retained). Reads were then mapped to the human genome including decoy sequences (hg19; 1000 Genomes Project Phase 2 reference assembly) using bwa mem (Li and Durbin, 2009) (v0.7.12) . Optical and PCR duplicates were then removed using PicardTools (v1.128). Deduplicated BAM files from the same sample were merged from separate lanes and PicardTools was again used to remove duplicate reads. Only uniquely mapped reads mapping to chr 1-22 and X were kept (mitochondrial genome, Y chromosome, and unmapped contigs were removed). Insert size histograms were derived from PicardTools separately for chr1-22 and X ( Figures S1C and S5B) as well as the mitochondrial genome ( Figure S1D ). All samples displayed the expected periodicity of DNA winding around nucleosomes in genomic (Buenrostro et al., 2013) (Figure S1C ), but not mitochondrial DNA ( Figure S1D ). Peaks were called for each sample using MACS2 (Zhang et al., 2008) (v2.1.0.20140616) . Peaks that overlapped with ENCODE blacklisted regions (http://hgdownload. cse.ucsc.edu/goldenPath/hg19/encodeDCC/wgEncodeMapability/wgEncodeDacMapabilityConsensusExcludable.bed.gz) were removed (ENCODE Project Consortium, 2012). Peak width in each sample, calculated in GenomicRanges (v1.16.4) (Lawrence et al., 2013) , the number of peaks in each sample, and the number of peaks versus the length of each chromosome, derived from the BSgenome.Hsapiens.UCSC.hg19 (v1.32.0), were calculated (Figures S1E-S1G and S5C-S5E).
ATAC-seq differential accessibility analysis R version 3.1.1 (2014-07-10) was used for all subsequent analyses. The DiffBind (Ross-Innes et al., 2012) package (v1.10.2) was used to find high confidence peaks present in at least 40% of samples. We used a 40% threshold for overlapping peaks across samples as a stringent threshold to define a peak, because each peak identified in this fashion must be present in all donors of a given condition (GZ or CP). This stringent threshold increases confidence that these peaks are reproducible, as each peak must be called multiple times in both technical and biological replicates. When we used lower thresholds ranging from 10%-30% we found the expected decrease in correlation across replicates, further supporting the 40% threshold, which gave maximum confidence, while not requiring the peaks to be present in both GZ and CP, which would be the case if a higher threshold were used. Using our conservative thresholds we identified 62,005 peaks with an average merged peak width of 1188 bp (SD ± 757 bp). The union across samples of those remaining peaks (called consensus peaksets in DiffBind, but hereafter simply referred to as peaks) was used for subsequent analyses. The number of reads within each peak was counted and then normalization factors for each peak across samples were calculated accounting for GC content, peak width, and total number of unique non-mitochondrial fragments sequenced using conditional quantile normalization (Hansen et al., 2012) from the cqn package (v1.10.0) (Hansen et al., 2012) . Normalization by GC content within peaks was performed to offset observed biases of GC content on differential accessibility (Figures S1J-S1L ). Differential accessibility across tissue type was calculated using a negative binomial regression with normalization based on the size factors from cqn and implemented in DEseq2 (v1.4.5) (Love et al., 2014) with default parameters (fitType = ''parametric,''test = ''Wald''). In order to find DA peaks across tissue type controlling for donor differences, the statistical model used included a regressor for tissue type (GZ or CP) and a factor regressor for the 3 donors included in the analysis. Heatmaps (Figures 1C and S5F ) and coverage plots ( Figures  1B, 2A, 3E , 6A, S3A, S5G, and S6A) display normalized read counts -the number of reads within a peak divided by the normalization factor from cqn. Coverage plots were generated with Gviz (v1.8.4) (Hahne and Ivanek, 2016) with annotations from Gencode v19 (Harrow et al., 2012) . In coverage plots, the normalization factor is averaged across all peaks for the sample.
Enrichment of peaks in genomic elements
Enrichment of DA peaks within annotated genic regions of the genome or epigenetically annotated regions of the genome was calculated using the ratio between the (#bases in state AND overlap feature)/(#bases in genome) and the [(#bases overlap feature)/(#bases in genome) X (#bases in state)/(#bases in genome)] as described previously by Kundaje et al. (2015) (see Figures 1E and 1F) . The significance of this enrichment was calculated using a binomial test as in the GREAT algorithm (McLean et al., 2010) (Figures 5B,  S3B , and S3D). Gene based annotations of the genome were derived from Gencode v19. For these analyses, transcription start site (TSS) was defined as 1kb upstream and 1kb downstream of the true TSS, promoter was defined as 2kb upstream and 1kb downstream of the TSS, and transcription end site (TES) was defined as 1kb upstream and 1kb downstream of the true TES. Validated human forebrain enhancers and non-forebrain enhancers were downloaded from the VISTA Enhancer browser (Visel et al., 2007) (https://enhancer.lbl.gov/) ( Figures 1E and 1F) . Human-gained enhancers were downloaded from GEO (GSE63648) (Reilly et al., 2015) (Figure 5B ) using data from 12 PCW from either frontal or occipital cortex marked by H3K27ac or H3K4me2. Chromatin state definitions from an imputed 25-state model were derived from fetal brain tissue (E081) by the Roadmap Epigenomics project (Ernst and Kellis, 2015; Kundaje et al., 2015) and acquired from (https://personal.broadinstitute.org/jernst/MODEL_ IMPUTED12MARKS/). Chromatin state annotations are as follows:
GO analysis at the TSS for DA peaks was completed by first overlapping DA peaks with a region 2kb upstream and 1kb downstream of the TSS of genes defined by Gencode v19. Protein-coding genes at DA peaks were input into GO-Elite (Zambon et al., 2012) (v1.2.5) using ontologies from EnsMart77Plus with a background list of all protein-coding genes ( Figure 2D ). The number of DA sites was calculated for GZ > CP and CP > GZ sites at the Gencode v19 defined TSS for multiple gene biotypes acquired from ENSEMBL through biomaRt (v2.20.0) (Durinck et al., 2009) (Figure S3C ).
Correlation of peaks with DNase-I HS data
The number of reads mapping to each peak was correlated between ATAC-seq replicates, between biological types within ATACseq, between ATAC-seq and DNase-I Hypersensitivity from human fetal brain from the Roadmap Epigenomics Consortium (GSM1027328), and between ATAC-seq and DNase-I Hypersensitivity from left human fetal lung from the Roadmap Epigenomics Consortium (GSM1027345) (Figures S2C and S2D ). Reads were counted within peaks defined in the ATAC-seq data as described above. Data were plotted using smoothScatter() in R ( Figure S2 ). Roadmap Epigenomics data was downloaded from SRA, mapped to the same genome build as described above (hg19) using the same software (bwa mem), duplicates were removed with PicardTools, and only uniquely mapped reads were retained.
RNA-seq differential expression analysis RNA sequencing files were mapped to the genome (hg19; Homo_sapiens.GRCh37.75.dna.primary_assembly.fa; ftp://ftp.ensembl. org/pub/release-75/fasta/homo_sapiens/dna/) using RNA-STAR (Dobin et al., 2013) (v2.4.0h1). Gencode v19 annotations were used 
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Quies Quiescent from ENSEMBL. ERCC control sequences were added to both the genome sequence and annotation files. Duplicates were marked and samples merged across lanes using PicardTools (v1.128). The number of fragments mapping to each exon was counted using the summarizeOverlaps() function from the GenomicAlignments package (v1.0.6) (Lawrence et al., 2013) . Exons were retained in the analysis if found in at least 40% of samples with at least 10 fragments mapping. Normalization factors for each exon across samples were calculated accounting for GC content, exon width, and total number uniquely aligned fragments using conditional quantile normalization (Hansen et al., 2012) from the cqn package (v1.10.0). Normalized FPKM values were used as a measure of gene expression. A heatmap of RNA expression was produced using the correlation of normalized gene-level FPKM values across samples with the heatmap.2() function in gplots package (v2.17.0) ( Figure 1D ). In order to find DE genes across tissue type controlling for donor differences and RIN, a linear regression was used on normalized gene-level FPKM values with a statistical model including a regressor for tissue type (GZ or CP), a factor regressor for the 3 donors included in the analysis, and a numeric regressor for RIN. Gene level differential expression statistics were compared to data from laser-capture microdissection of the human fetal cortical wall (Miller et al., 2014) through transition mapping (Stein et al., 2014) ( Figure S1A ) and correlation ( Figure S1B ). DE protein-coding genes were input into GO-Elite (Zambon et al., 2012) (v1.2.5) using ontologies from EnsMart77Plus with a background list of all protein-coding genes ( Figures S4A and S4B) . In order to find DE exons across tissue type controlling for donor differences and RIN, a linear regression was used on normalized exon-level FPKM values with an identical statistical model described above. Adjusting significance for multiple comparisons across DE exons was evaluated with FDR (Benjamini and Hochberg, 1995).
Accessibility and gene expression correlation
The correlation between gene expression and chromatin accessibility was assessed by first mapping each peak overlapping with a promoter region (2kb upstream, 1kb downstream of TSS) to that gene. Promoter peaks marking two separate genes were removed (for example one promoter peak marking two genes on opposite strands). The differential accessibility of these promoters as measured by log2 (fold change) was plotted against the differential expression of the exon closest to the promoter. Only those peak-exon pairs with both significantly different gene expression and chromatin accessibility (FDR adjusted p < 0.05) were retained in the analysis ( Figure 1G ).
Mapping regulatory elements to cognate gene
The correlation between ATAC-seq peaks and the promoter was assessed by first identifying a peak as belonging to the promoter of a given gene if it fell within 2kb upstream of the TSS. Then, the correlation between the promoter peak and all peaks ± 1 Mb from the promoter was assessed using the log2 transformation of normalized counts across samples. A 1Mb window (1Mb upstream to 1Mb downstream) was chosen, as most regulatory variation has been identified within this window (Jin et al., 2013) . The Pearson's correlation and its significance were assessed using a one-sided test implemented with cor.test() in R. Multiple comparisons correction was performed on the p values using FDR correction (Benjamini and Hochberg, 1995) . A significant correlation between a peak and a promoter (adjusted p < 0.05) was used as evidence (chromatin accessibility correlation) that the peak was a DRE of the gene. Hi-C data available through GEO and dbGaP under the accession number GSE77565 and phs001190.v1.p1, respectively were used to integrate with chromatin accessibility correlation profiles. Hi-C and ATAC-seq were performed on different donor tissues dissected following the same protocol and in the same laboratory. As the highest resolution available for the current Hi-C data was 10kb, we assigned these ATAC-seq peaks to 10kb bins and obtained the Hi-C interaction profile for 1Mb flanking region of each bin. Notably, the bin immediately adjacent to the seed region was not assessed for interaction. We made a background Hi-C interaction profile by pooling (1) 255,698 H3K27ac sites from frontal and occipital cortex at 12 PCW for human-gained enhancers (Reilly et al., 2015) and (2) 93,534 random regions of the genome with matched GC-content (within 5%) and length as Gencode v19 promoters. To avoid significant Hi-C interactions affecting the distribution fitting as well as parameter estimation, we used the lowest 95 percentiles of Hi-C contacts and removed zero contact values. Using these background Hi-C interaction profiles, we fit the distribution of Hi-C contacts at each distance for each chromosome using fitdistrplus package (Delignette-Muller and Dutang, 2015) . Significance for a given Hi-C contact was calculated as the probability of observing a stronger contact under the fitted Weibull distribution matched by chromosome and distance. Hi-C contacts with FDR < 0.01 were selected as significant interactions. We considered evidence for chromatin interaction when overlap of an ATAC-seq peak-containing bin showed significant contact with another peak-containing bin along with a flanking region of ± 5 kb to account for edge effects of the bin. We used Hi-C data from the cognate compartment GZ or CP to overlap with ATAC-Seq as GZ > CP peaks showed higher peak correlation when supported by GZ Hi-C as compared to CP Hi-C (p = 0.0155). Similarly, CP > GZ peaks show higher peak correlation when supported by CP Hi-C as compared to GZ Hi-C (p = 5.71x10 À5 ) ( Figure 3B ). Evidence of both chromatin interaction and chromatin accessibility correlation was used to map DREs to their cognate genes ( Figure 3A ; Table S2 ). Cognate genes for HGEs distal to the TSS were mapped in the same way. As described above, the resolution of Hi-C is limited to 10kb bins and the bins immediately adjacent or containing the HGE were not evaluated for chromatin interaction, therefore we instead used chromatin accessibility correlation alone (without chromatin interaction) to map the targets of those regulatory elements when close to the TSS ( Figure 5A ). The chromatin accessibility correlation between distal peaks and the TSS peak was separated into categories based on the directionality of the chromatin accessibility change and whether chromatin interaction was present. The statistical significance of mean differences between chromatin accessibility correlation values in the different categories was calculated by transforming the correlations to Z-scores using Fisher z-transformation and then fitting a linear model ( Figure 3B ). Correlation between gene expression and distal enhancer chromatin accessibility was performed as above but using DREs supported by chromatin accessibility alone or chromatin accessibility and chromatin interaction ( Figure 3C ). GO of distal enhancers cognate genes or HGE targets was evaluated using mapped protein-coding genes input into GO-Elite (Zambon et al., 2012) (v1.2.5) using ontologies from EnsMart77Plus with a background list of all protein-coding genes within ± 1 Mb of all DREs ( Figure 3D ) or all protein-coding genes within ± 1 Mb of all HGEs ( Figure 5C ).
Differential TF binding analysis
Potential transcription factor binding sites were called in the human genome using TFBSTools (v1.4.0) (Tan and Lenhard, 2016) with a minimum score threshold of 80% based on position weight matrices from the JASPAR2016 (Mathelier et al., 2016) core database, selecting vertebrates as the taxonomic group. Only the most recent version of the PWM for a given TF was used. To select regions of the genome that are highly conserved among vertebrates, and likely functional, regions of the genome with 100-way phastCons (Pollard et al., 2010) scores > 0.4 in regions R 20 bp were saved (downloaded from UCSC genome browser). Only called TFBS sites within conserved regions were retained for further analyses. Differential motif enrichment analysis was performed using a logistic regression model to identify motifs present more often in GZ > CP peaks as compared to CP > GZ peaks, or vice versa. Logistic regression explicitly controlled for differences in peak width and peak conservation between GZ > CP and CP > GZ DA peaks. The analysis was implemented in R as: glm(TFBS $GZCP + peakwidth + conservedbppercent, family = ''binomial''). The dependent variable (TFBS) was a binary representation of whether each DA peak contained a motif of a TF or not. The independent variable of interest marked whether a peak was GZ > CP (GZCP = 1) or CP > GZ (GZCP = 0). Other covariates included peak width (peakwidth) and the percentage of the peak with conservation (conservedbppercent) as defined above. Significant differential motif enrichment was determined by a FDR adjusted p < 0.05 threshold of the GZCP covariate as well as evidence of expression within the RNA-seq data. gzTFs were defined as significant differentially enriched motifs present more often in GZ > CP as compared to CP > GZ peaks, whereas cpTFs were defined as significant differentially enriched motifs present more often in CP > GZ as compared to GZ > CP peaks (Figures 4A and 4C ; Table S3 ). The class of each TF was acquired through JASPAR2016 and a Fisher's exact test was used to calculate if a significant enrichment or depletion of that class was present in significant gzTFs or cpTFs as compared to all TFs found in JASPAR2016. Those classes with R 5 significant TFs are shown in Figures 4B and 4D . The same analysis was implemented on hESC and Fibroblast DNase-seq data ( Figure S4C ) that were downloaded from https://www.encodeproject.org (Experiment IDs for hESC: ENCSR915BSC, ENCFF251WIB, ENCSR000EMU, ENCSR000EMZ, ENCSR000EMZ, ENCSR820WLP, ENCSR820WLP, ENCSR678ILN, ENCSR678ILN; Experiment IDs for Fibroblast: ENCSR067XUN, ENCSR360LBD, ENCSR670VQZ, ENCSR587STM, ENCSR562ACY, ENCSR648GDP, ENCSR835BNW, ENCSR555TFE, ENCSR371KRY).
EXPRESSION TRAJECTORIES OF HGE TARGETS
Expression trajectories of HGE targets in prenatal cortex (PCW 6-37) were plotted using the human brain transcriptomic atlas dataset (Kang et al., 2011) . Gene expression values for each HGE target set (GZ or CP) were log2 transformed and centered to the mean of all expressed genes using the R function scale(x, center = T, scale = F) +1 ( Figure 5D ).
Laminar and single-cell gene enrichment
To assess the enrichment of human-gained enhancer target genes within specific fetal cortical lamina or cell types, we used logistic regression ( Figures 5E and 5F ). Genes enriched within specific cortical lamina were determined by calculating differential gene expression between all genes in a given lamina against all other lamina (FDR adjusted p < 0.05) as described (Parikshak et al., 2013) using data from laser-capture microdissected cortex from PCW 15, 16 and 21 (Miller et al., 2014) . Cell-specific gene lists for major cell types within human fetal cortex were generated by taking the Pearson correlation of each gene to an idealized uniformly expressed cluster marker as provided in (Pollen et al., 2015) and converting them to p values using the function corPvalueStudent(), where n = 393 (number of cells profiled). ''Enriched genes'' are those with an FDR adjusted p < 0.05 for its respective cell type and ''unique genes'' are those fulfilling the same criteria, but not enriched in any other cell type.
Partitioned heritability analysis Partitioned heritability was assessed using LD score regression (v1.0.0) (Finucane et al., 2015) . Heritability is calculated by comparing the association statistics for common genetic variants falling within a given annotation, in this case DA peaks, with the LD-score, a measure of the extent of the LD block ( Figure 7A ). First, an annotation file was created which marked all HapMap3 SNPs that fell within GZ > CP or CP > GZ DA regions ( Figures 7B and 7C ). To control for the total number of peaks, we randomly subsampled the peaks GZ > CP peaks to have the same number as the CP > GZ peaks ( Figure S7A ), demonstrating that GZ > CP enrichments are not due to the greater number of peaks identified in GZ > CP analysis. In addition, separate annotation files were created by finding peaks in ATAC-seq data from 182 adult neocortex samples from the PsychENCODE project where peaks were called with MACS2 (downloaded from https://www.synapse.org with synapse ID syn5383038) ( Figure S7B ). Adult neocortical consensus peaksets were derived using the DiffBind package with a minimum overlap of 2 samples to call a consensus peakset, resulting in 106,983 peaks. LD-scores were calculated for these SNPs within 1 cM windows using the 1000 Genomes EUR data. These LD-scores were included simultaneously with the baseline distributed annotation file from Finucane et al. (2015) . Subsequently, the heritability explained by these annotated regions of the genome was assessed from phenotypes for 17 genome-wide association studies (references given below). The enrichment was calculated as the heritability explained for each phenotype within a given annotation divided by the proportion of SNPs in the genome and FDR correction within each GWAS was used to correct for multiple comparisons.
DATA AND SOFTWARE AVAILABILITY
The accession numbers for the ATAC-seq peaks reported in this paper are GEO and dbGaP: GSE95023 and phs001438, respectively. The accession number for the RNA-seq data reported in this paper is dbGaP: phs001438. 
Number of Peaks in Each Sample
Number of Peaks Stein et al., 2014) was used to display the similarity between the differential expression profiles from laser capture micro-dissected data (Miller et al., 2014 ) from each of the lamina listed as compared to RNA-seq data acquired in this study. As expected, RNA-seq data acquired in this study are most similar to the transition between the proliferative ventricular zone (VZ) and subventricular zone (SVZ) as compared to post-mitotic inner and outer cortical plate (CPi/CPo) and subplate (SP). (B) The correlation between differential expression fold changes in RNA-seq data acquired in this study and fold changes from laser capture microdissection data from the SVZ as compared to the CPi is very high indicating strong correspondence with previous transcriptomic measurements in lamina of fetal brains. Figure 1E . (C) The number of DA peaks at the transcription start site (TSS) categorized by the transcript biotype. Numbers are roughly similar between lamina. (D) The significance calculation for the enrichment of DA peaks within chromatin states defined in fetal tissue using a binomial test (McLean et al., 2010) corresponding to the fold enrichments shown in Figure 1F . Partitioned heritability enrichment of peaks involved in cortical neurogenesis (Restricting to same number of peaks in GZ>CP and CP>GZ)
